BRAC University
Sentiment Analysis for Bengali Newspaper Headlines
By
Mohammad Samman Hossain
ID: 13301040
Israt Jahan Jui
ID: 13301120
Afia Zahin Suzana

ID: 13101289

Supervised by
Dr. Md. Haider Ali
Professor
Department of Computer Science and Engineering

BRAC University

Submission Date:

Page 1 of 37



Declaration

This is to certify that the research work titled “Sentiment Analysis for Bengali
Newspaper Headlines” is submitted by Afia Zahin Suzana, Israt Jahan Jui and
Mohammad Samman Hossain to the Department of Computer Science &
Engineering, BRAC University in partial fulfillment of the requirements for the
degree of Bachelor of Science in Computer Science and Engineering. We hereby
declare that this thesis is based on results found from our own work. Materials of
work found by other researcher are mentioned by reference. This Thesis, neither in
whole or in part, has been previously submitted for any degree. We carried our
research under the supervision of Professor Md. Haider Ali.

Signature of Supervisor Signature of Author

Dr. Md. Haider Ali Mohammad Samman Hossain

Signature of Author

Israt Jahan Jui

Signature of Author

Afia Zahin Suzana

Page 2 of 37



Abstract

In this project, we propose a system that assigns scores indicating positive or
negative to newspaper headlines. Many works have been done on sentiment
analysis, document clustering for newspaper headlines in English. We are going to
do the same for Bengali language. News headlines from one Bengali newspaper [1]
is used for the purpose of the project. As there is no dataset of headlines for this
newspaper, we are using web crawler to get necessary headlines to make a dataset
to use for this project. For our proposed system, a number of classifiers will be
used such as Support Vector Machine [2], Logistic Regression [17] etc. Through
the experiments, our aim is to establish a system, which can identify positive and

negative news accurately.

Keywords: sentiment analysis, SVM, Boosted Tree, Logistic, Bengali, classifiers
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1. Introduction

Sentiment analysis, also called opinion mining, is the field of study that analyzes
people’s opinions, sentiments, evaluations and emotions towards entities such as
products, services, organizations, individuals, issues, events, topics, and their
attributes. It represents a large problem space [4]. For our work, we are focusing on
newspaper headline. News can be positive, negative, or neutral. Although full
understanding of natural text language is well beyond capabilities of machines,
statistical analysis of relatively simple statement can provide a surprisingly
meaningful categorization of positive and negative sentiment. Analyzed data then
can be used in many sectors. It can be used to predict financial state of a country and

other predictions.

Sentiment Analysis of English newspaper headline had been done on many
occasions. Research in such an area was difficult in the past, due to the scarcity of
large manually annotated corpora [5]. This problem has been solved because of the

recent increase in the number of news websites.

News Articles can be collected daily by manually copying the news or using RSS
feeds that are mostly available in every news website like CNN, BBC News etc. By
serving as data sources, these websites facilitate the research on identifying the
polarity of the news articles that can be helpful to readers as this can be beneficial to
them. For our project, we have chosen to analyze the sentiment of Bengali newspaper

headlines. Bengali is one of the highest spoken language, ranked seventh in the
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world, but surprisingly very few works had been done with Bengali language on

sentiment analysis [6].

In this project, we are going to extract the sentiment conveyed by one Bengali
newspaper [ 1] and will identify the polarity of the headlines as positive or negative.
Through sentiment analysis, we are going to classify given headlines into one of

three categories — positive, negative or neutral.
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2. Literature Review

Our work is mainly inspired by Kaur and Chopra’s work [5]. They classified
newspaper articles into three polarity. Positive, Negative and Neutral. In our work,
we are going to implement SVM [2], Logistic Regression [17] and Boosted Tree

classifiers.

In [5], they used Naive Bayes classifier, and it is done on English. Actually, most of
the work done on sentiment analysis are done on English. Work on other natural
languages is increasing including Japanese [7] [8] [9] [10], Chinese [11] [12] and
other languages. Works that are done in Bengali are done regarding blog’s [13][14].

We choose Logistic classifier because in comparison with Naive bayes classifier,
Logistic classifier always preferred. Logistic classifier [17] has less asymptotic error

[17] than Naive Bayes classifier.

In [15], sentiment analysis was done on news and on blogs. Their system consisted
of sentiment identification, aggregation and scoring phase. Wanner et. Al [16]
presented a visual tool for large-scale comparative sentiment analysis of news

articles.

In [22], Logistic regression makes minimal measure of assumption on the dataset, it
measures the connection between categorical binary dependent variable and the
independent variables. However, it appraises the probabilities of the categorical

variable using the logistic function.
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3. Methodology

3.1 Data Collection

For our work, we used the headlines from prothom-alo.com. No dataset of headlines
existed at that time, so we needed to create our own dataset. We used web crawler
to get the source html script of the website of Prothom-alo. We pulled html script
programmatically of all the pages that were published in that newspaper from
January 2016 to May 2016; also, we used regular expression to extract the headlines
from the source html script of the site. We saved the headlines in a text file and every
month had their own text file.

3.2 Data Formatting
We saved the headline along with their respective dates in our dataset. We separated
the headlines from the dates by putting “||” in the middle of them.

3.3 Data Tagging

To train our models we needed manually tagged data. To make the process of data
tagging easier we wrote a code that automated the whole data tagging process. It
read the headlines one by one and tagged those headlines positive, negative or
neutral. After that, we took all the month-by-month text files and comma separated
the headlines, date, and tag. This process was also automated by writing a piece of
code. We then saved all the data in one csv file, and this csv file worked as our main
dataset.

3.4 Classifier Selection
There are many machine-learning classifiers for text classification. After
researching, we decided to use SVM, Boosted Tree and Logistic Regression in our
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project. SVM has been found providing better accuracy in the case of classifying
text. As SVM and Logistic Regression are binary classifiers, they are better suited
in classifying polarity of a sentence. Since our work is to differentiate between
positive and negative which is like binary classification and SVM, Logistic
Regression works better for it. Boosted Tree classifier do not expect linear features
or even features that interact linearly, which is different from Support Vector
Machine and Logistic Regression. We wanted to see how it performs against
Logistic Regression and Support Vector Machine.

3.5 Work Flow
. . Conversion to
Data S Data Taggin
ata scraping > 28 —) .csv format
Create Random Create Random Remove neutral
test set —— Train set = Headlines
Apply classifiers .
and create Models , Evaluation

Fig 3.1: Work Flow
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4. Machine Learning Algorithms

4.1 Support Vector Machine (SVM)

SVM (Support Vector Machine) is a machine-learning algorithm. SVM is a
supervised learning model, which analyzes data for classification and regression
analysis. SVM build a model using training algorithm that assigns new examples
into one or two categories. SVM divided categories as wide as possible by creating
a gap. New applications categories gap mapped into that same space or gap on which
side the application fall on. The problem is when data are not properly labelled
supervised learning is not possible. Then we have to follow an unsupervised learning
approach to analyze, by which we can divide the data into separate groups. It follows
a clustering approach that is called support vector clustering [18] and is often used

in industrial applications either when data is not labelled or when only some data is
labelled.

Example

Outlier: An outlier is an observation point that is distant from other observations.
An observation that is well outside of the expected range of values in a study or
experiment, and which is often discarded from the dataset.

Hyper plane: In geometry, a hyper plane is a subspace of one dimension less than
its ambient space. If a space is 3-dimensional then its hyper planes are the 2-
dimensional planes, while if the space is 2-dimensional, its hyper planes are the 1-
dimensional lines. This notion can be used in any general space in which the concept
of the dimension of a subspace is defined. Suppose, we have three hyper-planes (A,
B and C). Now, we need to identify the right hyper-plane to classify star and circle.
We need to remember a thumb rule to identify the right hyper-plane.

Page 14 of 37



Fig 4.1: Hyper plane in scatter

Now, here we have three hyper plane all are in scatter possible ways. Now, how can
we identify the right hyper-plane from these?

Fig 4.2: Creating Hyper Plan margin

Here, maximizing the distances between nearest data point (either class) and hyper-
plane will help us to decide the right hyper-plane. This distance is called as Margin.

Fig 4.3: Finding right Hyper Plane

Above, you can see that the margin for hyper-plane C is higher than A and B. Hence,
we name the right hyper-plane as C. We have selected the hyper-plane with higher
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margin is robustness [ 18], because if we select a hyper plane having low margin then
there is a high chance is that the margin will be miss-classified.

Fig 4.4: Correct Hyper Plane

Here, one might select B as the higher margin, but SVM selects the hyper plane,
which classifies the classes accurately prior to maximizing margin. B has a

classification error and A has classified all correctly. Therefore, right hyper plane is
A.

Below we cannot segregate two classes with a straight line, as one of the star is in
the territory of other.

*
) ¢
*
* o 00
0 ®

*
*
*
*
L
..*

X

Fig 4.5: Hyper Plane with Outliers

SVM has a feature to ignore outliers and find the hyper plane that has maximum
margin. Therefore, it can be said that, SVM is robust to outliers.
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In the scenario below, a linear hyper plane between two classes is not possible.

¥

*x k| kX

*

% ®000 » x
X X %

Fig 4.6: Hyper plane with maximum margine

This problem also can be solved by SVM. SVM introduces an additional feature
z=x"2+y"2. If we plot the data points on axis x and z:

z

do FOK XK K ey
0 ¢ 000

Fig 4.7: Solving with SVM
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SVM Applications

SVM is a device for content classification, which can lessen the requirement for
marked preparing cases in both standard inductive and tranductive settings. Picture
classification, which is a piece of picture preparing, can likewise be performed
utilizing support vector machine. In the examination and result investigation SVM
accomplish higher precision that other customary plans after only at least three round
of input. To discover the picture classification SVM takes after same customary
approach as ordinary content examination. The SVM algorithm has been
additionally broadly utilized as a part of the natural and different sciences to discover
results. SVM classification have been utilized and it offers up to 90% of the
compound effectively. Support vector machine weights have additionally been
utilized to consider SVM models previously. Psthoc interpretation of support vector
machine models has been utilized as a part of request to recognize components is a
generally new territory of research with unique importance in the organic sciences
[19].

4.2 Logistic Regression

Every machine-learning algorithm works best under a given set of conditions.
Making sure that the algorithm fits the requirements ensures superior performance.
Any algorithm in any condition cannot be used. For example: We can not use linear
regression on a categorical dependent variable. Instead, in such condition SVM,
Logistic Regression should be used. Logistic Regression is a classification
algorithm. It is used to predict a binary outcome, given a set of independent
variables. To represent binary or categorical outcome, dummy variables are used.
Logistic Regression is like a special case of linear regression when outcome cariable
1s categorical.

Given a set [20] of features x;, and a label y; € {0,1}, logistic regression interprets
the probability that the label is in one class as a logistic function of a linear
combination of the features:

1
1+ exp(—6Tx)

fi(@) =pQy; = 1|x) =
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Analogous to linear regression, an intercept term is added by appending a column of
1's to the features and L1 and L2 regularizers are supported. The composite objective
being optimized for is the following:

n
min(8) )" £,(6) +Mully + 2,101
i=1

where A1 is the L1 penalty and A2 is the L2 penalty.

Multiclass Classification

Multiclass classification is the problem of classifying instances into one of many (i.e
more than two) possible instances. As an example, binary classification can be used
to train a classifier that can distinguish between two classes, say "cat" or "dog", while
multiclass classification can be used to train a finite set of labels at the same time,

nn

say "cat", "dog", "rat", and "cow".

Top-k predictions

Multiclass classification provides the top-k class predictions for each class. The
predictions are either margins, probabilities, or a rank for the predicted class for each
example. In the following example, we provide the top 5 predictions, ordered by
class probability, for each data point in the test set.
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4.3 Boosted Tree

The Gradient Boosted Regression Trees (GBRT) model (also called Gradient
Boosted Machine or GBM) is one of the most effective machine learning models for
predictive analytics [21].

Background

The Boosted Trees Model is a type of additive model that makes predictions by
combining decisions from a sequence of base models. More formally we can write
this class of models as:

g(x) = fo0) + fi(x) + () + -+

where the final classifier g is the sum of simple base classifiers fi. For boosted trees
model, each base classifier is a simple decision tree. This broad technique of using
multiple models to obtain better predictive performance is called model ensembling.

Unlike Random Forest which constructs all the base classifier independently, each
using a subsample of data, GBRT uses a particular model ensembling technique
called gradient boosting.

The name of Gradient Boosting comes from its connection to the Gradient Descent
in numerical optimization. Suppose you want to optimize a function f(x), assuming
f is differentiable, gradient descent works by iteratively find

of

Xt+1 = X¢ — Ua |x=xt|

where 1) is called the step size.
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Similarly, if we let gt(x)=)t—11=0fi(x) be the classifier trained at iteration t, and
L(yi,g(x1)) be the empirical loss function, at each iteration we will move gt towards
the negative gradient direction —0LOg||g=gt by n amount. Hence, ft is chosen to be

aL(yiJ g(xl))
ag(x;)

2

N
ft = argmin(f) ZI |g:gt — f(x)
i=1

and the algorithm sets g;,1 = g + nf;

Use of Boosted Tree

Different kinds of models have different advantages. The boosted trees model is very
good at handling tabular data with numerical features, or categorical features with
fewer than hundreds of categories. Unlike linear models, the boosted trees model are
able to capture non-linear interaction between the features and the target.

One important note is that tree based models are not designed to work with very
sparse features. When dealing with sparse input data (e.g. categorical features with
large dimension), we can either pre-process the sparse features to generate numerical
statistics, or switch to a linear model, which is better suited for such scenarios.
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5. Experiment & Result Analysis

5.1 Experiment

We gathered and tagged 15325 headlines for our dataset. This number consists of all
the negative, positive and neutral headlines. Before using the classifiers, we had to
work on the dataset, so we can use it for creating the model. This was the head of
the dataset before anything was changed.

Sentiment Headline Date

Negative 5T e FrgfaweEg 9y =E-FSs 2016-10-01
Negative ERIEEIERGERGIC) 2016-10-01
Neutral I @IV J6F 53 foze aftimg af{13 2016-10-01
Positive 335 dfe Iof FEforE: [Farer o 2016-10-01
Negative | 9% @2 (8 (S (A9 (I3TE TI-TEF 2016-10-01
Negative | SPRAMSEET TAITHE RIF SO =Gt 2016-10-01
Neutral e fo IS TRTOHT O/t TF: FHIPAHA | 2016-1001
Neutral 2016-10-02
Negative | Qa6 (I 9317 AT YA 2016-10-02
Negative voo FFEHfEOE Tdw IH 2016-10-02

Table 5.1 Head of the Dataset
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First, we took out all of the headlines that were tagged neutral. Reason behind this
is, we were working to get a model that can predict the positive and negative
headlines, not the neutral headlines. After changing the dataset, we were left with

only 3120 headlines, which are positive or negative. The head of our csv file was
like this.

Sentiment Headline Date

Negative | &f37 FHPNS RAfAme@g a3 =m-F5s 2016-10-01
Negative ERIERIERGERGIC) 2016-10-01
Positive 335 dfe I5f fFEnfinE: Farar 5 F 2016-10-01
Negative | 9% q@2 (S0 (5 (J (I3IF FI-NHF 2016-10-01
Negative SPRAMEEE TdaqaE RIF SO =G| 2016-10-01
Negative | R@dield (FFae AFF FHER JF 2016-10-02
Negative oo FFIEHfEOE T IF 2016-10-02
Negative | S Wfel(e &Y (FANTET 2016-10-03
Negative fod T3 oF afFmpe REsE 2016-10-04
Negative | (STOITea %S JHRUMT 2@ 2016-10-04

Table 5.2: Head of the dataset without neutral tagged data

Number of headlines that were tagged negative was much more than the number of
data that was tagged positive. Only 749 out of 3120 headlines was positive, all the
other was negative.
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Sentiment Headline Date

Positive 3RS afe I [FERGIER &6 53 2016-10-01
Positive SAfSF NS T ACTAT (F5TH 2016-10-06
Positive IRACTRS ‘AT TFN AP BT A 2016-10-05
Positive SRR B seo B g5 2016-10-09
Positive ST AT AT (S TA© P 2016-10-14
Positive TF =9 9 fRNmE @ iy 2016-10-15
Positive fAffam 99| GrEF fA@s va TeRT 2016-10-18
Positive ARTECES (NFT Fer 2016-10-22
Positive A xovE S AN (T 2016-10-25
Positive FNFATe AN IR ALAGT (Fay 2016-10-01

CIB]

Table 5.3: Head of the dataset with only positive headlines
Sentiment Headline Date
Negative &5 AP fafaweEg oy =E-FfSs 2016-10-01
Negative Fell¥eE 13 e 2016-10-01
Negative 9F A2 (OO (71 (@ (ISTF FF-HF 2016-10-01
Negative | SPEAMAEIET NHIqa@ TREF SO TSI 2016-10-01
Negative | R@dieid (FaE ATF FHEF Yd 2016-10-02
Negative voo PEEfeOE MW % 2016-10-02
Negative o9 W S (FAEsT 2016-10-03
Negative fod T o A R 2016-10-04
Negative | (STGTaa %N JHRUGH 2@ 2016-10-04
Negative T {18 e Q& SIGBIBIE Q) 2016-10-04

AiRfte M fize

Table 5.4: Head of the dataset with only negative headlines
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To create a good model that can accurately predict headlines, we needed to make
the number of positive and negative headlines near to equal. We chose 31% negative
headlines and we chose it randomly, and we got 787 negative headlines. This dataset
with 749 positive and 787 negative headlines is the main dataset with which we are
going to create our model and find accuracy.

We split this data in two parts. Training data and test data Headlines of every part
are selected randomly. Training consists of 90% of the headlines, which are going
to be used to train the model that we are going to create. Other 10% are the test data,
which we will use to test the accuracy of our created model.

We added a new column in our dataset name “Words”, this would be the feature
vector for the models that we create.

Page 25 of 37



5.2 Experiment with Logistic
With the dataset we got from experiment part, we trained our model with logistic

classifier. We selected the words as our feature vector, and limited max iteration to
200.

Number of examples : 1399
Number of classes 02
Number of feature columns 01
Number of unpacked features  : 3308
Number of coefficients : 3309

The training accuracy for Logistic Classifier is shown in the table below:

[teration Passes Elapsed Training
Time Accuracy
1 3 1.053230 0.989993
2 5 1.093740 0.995711
3 6 1.094739 0.997141
4 7 1.097743 0.998570
5 8 1.102745 0.998570
6 9 1.104747 0.999285
11 14 1.117756 0.999285
Table 5.5: Training Accuracy of Logistic Classifier
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Fig 5.1: Logistic Classifier: Iteration vs Elapsed Time
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Fig 5.2: Logistic Classifier: Iteration vs Training Accuracy

Although max iteration was set to 200, we reached optimum solution in
11 iterations. Test accuracy for Logistic Classifier was 0.759124087591240
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5.3 Experiment with SVM

We used the same dataset that we used with logistic classifier to experiment with
Support vector machine. Same dataset was used so that we can compare all the
classifiers that would be used. With words as feature vector, we set the max
iteration for this classifier to 2000

Number of examples : 1399
Number of classes : 2
Number of feature columns 1
Number of unpacked features : 3308
Number of coefficients : 3309

The training accuracy is for svm classifier shown in the table below:

[teration Passes Elapsed Time | Training
Accuracy
1 3 0.003001 0.989993
2 5 0.007004 0.996426
3 6 0.010006 0.997856
4 7 0.012008 0.997856
5 8 0.014008 0.998570
6 9 0.016010 0.998570
11 14 0.026522 0.989993
51 88 0.140645 0.999285
101 205 0.297235 0.999285

Table 5.6: Training Accuracy of SVM Classifier
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SVM: Iteration vs Elapsed Time

0.03
0.025
0.02

0.015
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Fig 5.3: SVM: Iteration vs Elapsed Time

SVM: Iteration vs Training Accuracy

0 2 4 6 8 10 12
Iteration

Fig 5.4: SVM: Iteration vs Training Accuracy

Although max iteration was set to 2000, we reached optimum solution in
101 iterations. Test accuracy for SVM Classifier was 0.7956204379562044
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5.4 Experiment with Boosted Tree
We set the max iteration of boosted tree classifier to 1000

Number of examples : 1399
Number of classes ;2
Number of feature columns 1
Number of unpacked features  : 3308

The training accuracy is for boosted tree classifier shown in the table below:

Iteration Elapsed Time Training Training Log
Accuracy Loss
1 0.023016 0.645461 0.638970
2 0.042033 0.641887 0.607912
3 0.046535 0.652609 0.586641
4 0.049537 0.655468 0.570033
5 0.054043 0.669049 0.555089
6 0.058047 0.676197 0.545534
11 0.082064 0.725518 0.506033
51 0.204158 0.852752 0.379590
101 0.323789 0.917084 0.312295
250 0.651848 0.960686 0.216643
500 1.308713 0.998570 0.145822
501 1.313715 0.998570 0.145652
750 1.905286 0.998570 0.107537
1000 2.450225 0.998570 0.083154

Table 5.7: Training Accuracy of Boosted Tree classifier
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Boosted Tree : Iteration vs Elapsed Time
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Fig 5.5: Boosted Tree: Iteration vs Elapsed Time

Boosted Tree: Iteration vs Training Accuracy
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Fig 5.6: Boosted Tree: Iteration vs Training Accuracy

Test accuracy for Boosted Tree Classifier was 0.7664233576642335
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5.5 Comparative Analysis
We are comparing the classifiers with their F1 score, Precision, Recall, Log loss,
Final Training (After 11 iteration) and Test accuracy.

Precision and Recall

Precision (also called positive predictive value) is the fraction of retrieved
instances that are relevant, while recall (also known as sensitivity) is the fraction of
relevant instances that are retrieved. Both precision and recall are therefore based
on an understanding and measure of relevance.

F1 Score

The F1 score is a measure of a test's accuracy. It considers both the precision p and
the recall r of the test to compute the score: p is the number of correct positive
results divided by the number of all positive results, and r is the number of correct
positive results divided by the number of positive results that should have been
returned. The F1 score can be interpreted as a weighted average of the precision
and recall, where an F1 score reaches its best value at 1 and worst at 0

Logistic SVM Boosted Tree
F1 Score 0.755556 0.791044 0.783784
Precision 0.822581 0.868852 0.773333
Recall 0.698630 0.726027 0.794521
Training Accuracy | 0.999285 0.989993 0.725518
Test Accuracy 0.759124 0.795620 0.766423

Table 5.8: Comparison

As we can see from the Table 5.8, SVM has the highest F1 score, which indicates
svm classifiers test was most accurate for this dataset. SVM has the highest precision
score too, and it indicates that the ratio of correct prediction vs search results of svm
is higher than other two classifiers. While boosted tree has the highest recall value.
It indicates that the ratio of correct prediction vs whole dataset is highest in boosted
tree.

We compared training accuracy of the classifiers after 11 iterations are completed.
SVM and Logistic classifiers accuracy was nearly equal with accuracy greater than
0.98. While boosted tree had training accuracy of 0.76.
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Test accuracy of all the classifiers are:

Logistic Classifier: 0.759124087591240

SVM Classifier:  0.7956204379562044
Boosted Tree Classifier: 0.7664233576642335

Comparison

Test Accuracy
o
~
~

Logistic SVM Boosted Tree

Classifier

Fig 5.7: Comparison of test accuracy

As we can see, test accuracy of the classifiers are from 0.75 to 0.80, where SVM
has the highest accuracy. Logistic and boosted tree classifier had similar accuracy.
Difference between SVM and other two classifier that we used is that, SVM is a
kernel based classifier. Therefore, for our project kernel based classifier has the
best accuracy.
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6. Conclusion

In our thesis work, we tried to create a model which can predict if a newspaper
headline is positive or negative. We created the model with several months headline
from a Bengali daily newspaper Prothom-alo. There was no dataset with the
headlines from that newspaper. Therefore, we had to collect the data by scraping
their website. After collecting the data, we tagged them manually. We only collected
15000 headlines but had to delete 13000 headlines because they were neutral
headlines. Our dataset had 2000 headlines then. We used a dataset of 1400 headlines
cause number of positive and negative headlines had to be nearly equal. Therefore,
we deleted 700 more headlines. For sentiment analysis, this was a small dataset, and
because of this, our model became over fitted and we got higher than normal training
accuracy. There is scope to create a model that would predict headlines more
accurately, but for that our dataset would have to consist a huge amount of data that
we have to scrap and then tag them manually. We plan to work on getting years’
worth of headlines and create a dataset that anyone can use for their research.
Moreover, we will also see, if number of positive or negative news has any impact
on daily life, stock market etc.
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